Abstract-In this paper, we propose a simple and effective luminance weight prior for single image dehazing. This prior is based on the observation that the atmospheric airlight closely relates to luminance of haze-free image. Plenty of statistical experiments validates that, at each pixel, the normalized luminance of input image can represent the portion of global atmospheric light that reaches the camera. The luminance weight prior utilizes the normalized luminance matrix to approach the weight map of the atmospheric airlight. After refining the pixel-wise rough luminance weight map by guided filter, with an adaptive postprocessing method we adjust the range of the luminance weight matrix to handle the dense hazy images. Our experimental results and comparative experiments demonstrate that our physically-based algorithm can get clear and high contrast haze-free images, even for dense hazy images.
I. INTRODUCTION
Under the haze-conditions, the pictures taken by camera always suffer from low contrast, poor visibility and faded color. These bad effects are due to atmospheric absorption and scattering(during propagation, scene reflected light is blended with the airlight and part of the reflected light deviates from original direction). Haze removal is a technology that can help us to get clear, high contrast and color-faithful images from the low-quality haze images. The high-quality haze-free images are very important and helpful to enhance the performances of the computer vision and image processing algorithms in hazy weather.
Some previous works deal with the haze problem by either utilizing multiple images [1] - [3] , polarization [4] , [5] or extra additional depth information [6] , etc. Although these methods achieve impressive results for some special cases, they may not be applied automatically to a single image. In general, a robust method for single image dehazing is more favored and challenging. Recently, much efforts have been made to remove haze from single image. Tan [7] proposed a maximizing local contrast method to recover haze-free image. This method often produces supersaturation pixels and halo artifacts on the depth edges. Similar to [7] , Kim et al. [8] proposed a real time dehazing method based on the optimized contrast enhancement. This method can generate visual compelling results for some cases, however it can not well handle the heavy hazy image. Tarel and Hautiere [9] proposed a real time visibility restoration algorithm based on a fast median filter, which can handle both color and gray level images. Since it is not a physically-based method, their haze free results are not quite satisfactory. Fattal [10] proposed a physical sound method for single image dehaze under the assumption that the transmission and surface shading are locally uncorrelated. This method can not only restore impressive haze free images but also provide a reliable transmission estimation of a haze scene. However. this method may fail to recover a haze free image when the assumptions are broken. He et al. [11] proposed a physically-based algorithm: the famous dark channel prior. This method can achieve quite compelling haze-free images but it is time-consuming due to the adoption of soft matting strategy. In order to accelerate the optimization algorithm, they further proposed an excellent edge-preserving smoothing operator -guided filter [12] which can avoid gradient reversal artifacts near the strong edges. With the guided filter, the quality of haze-free result is comparable to that of soft matting. However, when the scene objects are inherently similar to the atmospheric light and no shadow is cast on them, the dark channel prior will fail. Meng et al. [13] proposed a method to estimate the transmission by constraining the pixel value within the radiance cube. A weighted L 1 −norm regularization method based contextual regularization is used to iteratively optimize scene transmission. A bank of high-order filters are applied to preserve salient edges. Lai et al. [14] estimate the transmission by constrainting the boundary range of the transmission based on two scene priors. Because they assume that the transmission of the ground area depends only on its vertical distance from the horizon, their method has to classify the ground areas and sky areas by detecting the vanish point. It is not only time-consuming but also not robust.
In this paper, different from the previous methods which focus on estimating the weights of the scene radiance(the transmission), we focus on the investigation of the weights of the global atmospheric light. A simple but effective prior is proposed for dehazing from single image. We call it luminance weight prior. This prior is based on the observation that the atmospheric airlight closely relates to luminance value of hazefree images. The experimental investigation verifies that the normalized luminance at each pixel can represent the portion of global atmospheric light that reaches the camera. So the normalized luminance matrix is utilized as the rough luminance weight map. We employ the guided filter to refine this rough luminance weight map. To achieve optimal dehazing effects and handle dense hazy images, an adaptive post-processing method is proposed to adjust the range of the luminance weight matrix. The experimental results demonstrate that our physically-based algorithm can recover color vivid and high contrast haze-free images. The restored results are comparable to and even superior to the results of four state-of-the-art algorithms.
II. BACKGROUND
Narasimhan and Nayar ( [1], [2] ) proposed an applicable model describing the image formation in bad weather, especially when haze appears. This model has been widely adopted by researchers for image dehazing ( [7] , [8] , [10] , [11] ). It is described as follows:
where I denotes the observed intensity of a hazy image captured by camera, J is the scene surface radiance that describes the intensity of haze-free image, A is the global atmospheric light representing the ambient light in the atmosphere, and t is the medium transmission describing the portion of the reflected light that is not scattered and reaches the camera [15] . J, A and t are unknowns. In order to solve this ill-posed problem, almost all the existing physically-based dehazing algorithms focus on estimating the weight matrix of term J: transmission t , and dictate 1−t as the weight matrix of term A. Different from these conventional algorithms, we propose a novel dehazing algorithm based on luminance weight prior. The proposed prior assumes that luminance in the original image can represent portion of the global atmospheric light that reaches the camera. We modify the conventional model by replacing the weight of A with normalized luminance at each pixel: where the I, J and A represent the same meaning in Eq. (1) respectively, and l is the normalized luminance which describes the weight matrix of A. So this problem is converted to recover J, A and l from I. The detail of our algorithm will be discussed in the following sections.
III. LUMINANCE WEIGHT PRIOR
The luminance weight prior is motivated by the following observation: In Eq.2, if keep I and l fixed, only the luminance value (V ) of a haze-free image J changes with the variation of global atmospheric light A in HSV color space. Shown in Figure. 1, the haze-free result J (Left image of Fig. 1(a) ) gets darker with the increasing of A. But this variation of J is mainly caused by the changing of luminance intensity V (Fig. 1(d) ) while the hue H and saturation S almost keep the same. This phenomenon indicates that global atmospheric light A and the luminance of image have close relationship. We assume that l in the original image can represent portion of the global atmospheric light that reaches the camera. We call this assumption as luminance weight prior.
We further conduct a series of experiments on the collected hazy images(more than 500 images) to verify this luminance weight prior. Because of the effects of dehazing are mainly dependent on the accuracy of estimated depth information [11] , we first compare the 3-D diagram of depth map obtained by luminance weight prior with that obtained by dark channel prior. Figure.2 shows that the two 3-D diagrams are quite similar. We further take the luminance weight matrix into Equation.
(2) to calculate the haze-free result J. The experimental results in Figure 3 show that, with the luminance weight prior, we can get both clear haze-free result and good depth image. So we draw the conclusion that our luminance weight matrix can represent the weight of A and replace 1 − t in the conventional model (1) , and the luminance weight is in proportion to the depth.
IV. HAZE REMOVAL USING LUMINANCE WEIGHT PRIOR
In this section we propose a single image dehazing algorithm based on the Luminance Weight Prior. We initial the rough transmission matrix with normalized luminance and employ the guided filter to refine this rough transmission matrix. In order to obtain optimal dehazing results, an adaptive postprocessing method is proposed to adjust the range of the refined transmission matrix.
A. Initial Luminance Weight
In the HSV color space, we extract the luminance channel from the original hazy image. Then we adopt the simple MaxMin Normalization method to normalize the luminance values l(x) as follows:
where l(x) is the luminance value at each pixel; l min and l max express the minimum and maximum values in l(x); l n (x) is the normalized luminance value at each pixel.
B. Luminance Weight Refine
However, the pixel-wise luminance map is not robust and make the haze-free result look like a canvas with distorted color. To solve this problem, we adopt guided filter to smooth the texture and preserve the salient edges. The refined luminance map is patch-wise. According to [12] , at each pixel the refined matrix l r (x) can be expressed by:
where ω x is the filter kernel which is centered at point x, n is the number of the pixels in window ω x , l n (y) is the original weight value at point y, a x and b x are linear coefficients assumed to be constant in ω x , obtained by minimizing one cost function in the window as follow:
The parameter ε can constrain a from being too large. With linear regression method we can optimize the cost function Eq. (5) and get the refined luminance weight matrix l r . More details please refer to [12] .
C. Adaptive Post-Processing Method
Though the refined luminance weight matrix is useful and efficient, it can hardly handle dense hazy images. This is mainly because the dense haze results in heavy scattering and distorts the continuity of depth. In this condition, the distribution range of the luminance weight matrix l r will be distorted and is not accurate enough. To get better results from the dense hazy images, based on the principle that the clear image usually has high contrast and abundant texture information, we propose a post-processing method to adaptively adjust the range of l r . We define an energy function as follows:
where , α is the regularization parameter for balancing the two terms, generally it is set as 0.6, E c expresses the contrast of J (the rough haze-free result with the post-processed l r ) and is described as:
y∈ω(x)
is called the mean squared error (MSE) contrast, ω(x) is the local window centered at x, the size of ω(x) is 5 × 5 in this paper, c ∈ {r, g, b}, J c (x) is the average of J c (x), N is the number of pixels in ω(x). E e expresses the texture information of J and numerically equals to the quantity of edge pixels in J, the edge pixels are detected by canny operator. In canny boundary detection algorithm, we set the size of Gaussian filter as 3 × 3, and the NMS thresholds are 12 and 30. We adjust the range of luminance weight by the equation as follows:
l a refers to the adjusted luminance weight, b is the minimum value of l a ; R = h−b, h is the maximum value of l a ; l min and l max are the minimum and maximum value of l r . We estimate b and R by least square method according to Eqs. (2), (6), (7) and (10). Then we take b and R into the normalization equation (10) to obtain the accurate l a . Figure.4 shows the restored haze-free results with the luminance weight matrix before and after adjusted by our adaptive post-processing method. It shows that the adjusted luminance weight matrix is efficient in handling dense-haze image and can produce higher contrast and clearer results. Different from traditional image enhancing algorithms, our physicallybased method adjusts the range of luminance weight matrix without distorting the distribution of matrix. There are two main advantages of our post-processing method. The first one is that it will produce fewer over saturated pixels than some other image enhancing methods. The second one is that it also adapts to other image restoring methods to adjust their transmission and helps the methods to achieve better results in the dense hazy condition. But this post-processing method is time-consuming. We will accelerate it in the future.
D. Recovering the Haze-free Image
The algorithm in [11] is employed by us to estimate the atmospheric light A. Taking A and l a into the Eq.(2) , we rewrite the hazy imaging model as follows
and we can calculate the final haze-free result J f by:
where β is a small constant (typically 0.01) for avoiding division by zero.
V. EXPERIMENTAL COMPARISON
In this section we compare our algorithm with several stateof-the-art methods. We obtain the results of these algorithms through running the programs posted by the authors on their website. And our haze-free results are obtained by the method proposed in sub-section C of section IV. It needs around 30 seconds for our method to process a 480x640 image in a PC with a 3.1 GHz Intel Core i5-2400 processor. The parameters in this paper are robust for any image.
In Figure. 5 we compare our algorithm with [9] . Tarel's result is serious over saturated because his method is not physically sound. Note that Tarel's method handles the bottom third of image and others parts of image respectively, so the color of their resulting image is often incompatible. Our result shows that our algorithm can get high contrast and faithful color, even can get clear texture of objects in the distant areas. For example, the boundary of mountain is apparent and mountain's color is natural. From Figure.6 we can see that the colors of Fattal's result shift seriously in the sky. But the pixels at bottom of our result are also over saturated. Fattal's method is not as robust as our algorithm because of their proposed assumption is not always available. Figure.7 shows that our results are comparable to He's results. Even in the distant buildings and dense hazy water-surface areas our results are more evident and have higher contrast. From Figure. 8, we can learn that Meng's method can restore a haze-free image of high quality with fine edge details. But the colors of restored result images usually shift.
VI. CONCLUSION
In this paper, we have proposed a simple and effective luminance weight prior for single image dehazing. This prior benefits much from the observation that the atmospheric airlight only closely relates to luminance channel of HSV haze-free images. Our experimental results and comparative experiments demonstrate that our physically-based algorithm can get color vivid and high contrast haze-free images, even for dense haze images. In our method, we require to integrally adjust the range of luminance ratio and change the contrasts of pixels indirectly. So the colors of some pixels in the light hazy areas, such as the regions near to the lens, are usually over saturated. Next we will further investigate this problem and find an effective method to map the range of luminance weight more accurate. Locally optimizing the range of luminance weight may be an efficient method. Besides, we will also need to improve the computation speed of the proposed postprocessing method.
